[1] The impact of retrieved total precipitable water (TPW) from Moderate Resolution Imaging Spectrometer (MODIS) infrared (IR), MODIS near-infrared (NIR), and the combined Atmospheric Infrared Sounder (AIRS)-IR and Advanced Microwave Sounding Unit-Microwave channels on simulations of Hurricane Emily was assessed and compared using the Weather Research and Forecasting model and its three-dimensional variation data assimilation (3D-Var) system. After assimilating MODIS IR TPW, the model clearly better reproduced storm tracking, intensity, and the 10 m wind field, while the improvement was limited or nil when assimilating either MODIS NIR TPW or AIRS TPW. After the data assimilation of MODIS IR TPW, a positive moisture increment was present to the east of the simulated storm in 3D-Var analysis (i.e., initial conditions). The positive TPW increment enhanced a convective cloud, which was also observed by satellites. The convective cloud effectively modulated the height and wind fields, resulting in a weakening of the vertical wind shear (VWS) over the region. The weak VWS band was then advected to the north of the storm, preventing the storm from attaching to the strong VWS zone located between 20°N and 30°N. There was no such positive moisture increment, convective cloud, or weak VWS band occurring to the east of the simulated storm in the other data assimilation experiments. This explains why the simulated storm intensified with assimilation of MODIS IR TPW but not for the other experiments.
Introduction
[2] Numerical weather prediction is an initial and boundary value problem [Kalnay, 2003] . Therefore a more accurate estimate of the initial conditions should theoretically result in better forecasts and simulations. Thus uncertainties in the moisture and the absence of important mesoscale features over oceanic areas are primary concerns for an initial state of tropical cyclone (TC) forecasts and simulations. Fortunately, over the past two decades, considerable progress has been made in satellite technology and has significantly contributed a vast amount of information in data-sparse areas. With proper and effective assimilation of satellite data, it has become possible to obtain improved initial conditions and thus better TC forecasts and simulations.
[3] Moderate Resolution Imaging Spectrometer (MODIS) and Atmospheric Infrared Sounder (AIRS) are two novel instruments on satellites that monitor atmospheric moisture. MODIS instruments, which are on board the NASA Earth Observation System Terra and Aqua satellites, have channels in two regions of the electromagnetic spectrum that observe atmospheric moisture and temperature: near-infrared (NIR) and infrared (IR). The resolutions of the level 2 total precipitable water (TPW) retrieved from NIR and IR algorithms are 1 and 5 km, respectively. Such a high spatial resolution makes MODIS a good instrument to describe detailed horizontal gradients of moisture and temperature. AIRS and its companion, Advanced Microwave Sounding Unit (AMSU), are also on board the Aqua satellite. The AIRS standard level 2 products are retrieved from the combined AIRS-IR and AMSU-microwave (MW) channels. AIRS uses high-spectral-resolution true sounder radiance, which is capable of providing near-radiosonde-quality vertical profiles of atmospheric temperature and moisture. TPW is an AIRS standard level 2 product with a resolution of 45 km.
[4] The accuracy of satellite retrievals (e.g., TPW) can be influenced by uncertainties of the instruments and spectral calibrations, by assumptions of retrieval algorithms, and, in some cases, by cloud contamination in the field of view [Seemann et al., 2003; Strow et al., 2006] . To understand the error characteristics associated with these retrievals, many validation studies have been conducted [Kleidman et al., showed that the root-mean-square error (RMSE) of MODIS NIR TPW over ocean is about 5.0 mm and the magnitude of TPW is likely an underestimate in a dry atmosphere. Chen et al. [2008] demonstrated that the RMSE of MODIS NIR TPW is about 3.3 mm over land. TPW is slightly underestimated by less than 1 mm in a dry atmosphere and overestimated by up to 7 mm in a moist atmosphere. In contrast, MODIS IR TPW over land is overestimated (underestimated) in a dry (moist) atmosphere, with the maximum deviation of up to 5 mm and an RMSE of 4.1 to 5.2 mm [Seemann et al., 2003; Chen et al., 2008] . Rama Varma Raja et al. [2008] compared AIRS TPW with derived TPW from a network of ground-based global positioning systems over the United States and found that the bias and RMSE are 1.2 and 4.14 mm in the summer and −0.5 and 3 mm in the winter, respectively. They also suggested that AIRS TPW tends to be underestimated (overestimated) in a moist (dry) atmosphere.
[5] Unlike validation studies, relatively little research has been conducted regarding the assimilation of MODIS and AIRS TPW. Chen et al. [2008] assimilated MODIS NIR TPW for a thunderstorm case and Hurricane Isidore (2002) and showed that the rainfall distribution of the thunderstorm and the intensity of Isidore were greatly improved.
[6] The evolution of TCs can be influenced by vertical wind shear (VWS), sea surface temperature, sea surface moisture flux, upper tropospheric eddy-relative angular momentum flux convergence, and tropospheric water vapor flux [Frank, 1977] , with VWS as one of the most important environmental variables that controls TC development [Aiyyer and Thorncroft, 2006; Black et al., 2002; Bracken and Bosart, 2000; DeMaria, 1996; Frank and Ritchie, 2001; Gray, 1968; Jones, 2000; Wang and Holland, 1996; Zehr, 1992; Zhu et al., 2004] . For example, Aiyyer and Thorncroft [2006] used 46 years of European Centre for Medium-Range Weather Forecasts 40 year reanalysis data to examine the impact of VWS on TC activity over the main development region (7.5°-20°N, 85°-15°W) in the Atlantic Ocean basin. They found that VWS accounts for almost 50% of TC activity within this region. In general, the impact of VWS on TC formation and intensity is negative.
[7] Hurricane Emily (2005), the case studied in this paper, has also been studied previously Pu, 2008, 2009; Pu et al., 2009; Cecil et al., 2010] . Emily first formed over the central tropical Atlantic on the evening of 10 July 2005 and rapidly developed into a hurricane on July 13. It then went through two rapid intensification periods, and on 17 July 2005 it became the most intense hurricane that was ever recorded over the Atlantic Ocean in the month of July [Beven et al., 2008] (see also J. L. Franklin and D. P. Brown, Tropical cyclone report: Hurricane Emily, 11-21 July 2005, at http:// www.nhc.noaa.gov/pdf/TCR-AL052005_Emily.pdf). Li and Pu [2008] proposed that Emily's first rapid intensification was influenced by the distribution of eye wall convective heating and the latent heat flux from the ocean surface. In a later study, Pu et al. [2009] used the Weather Research and Forecasting (WRF) model with different spatial resolutions (3 and 1 km) and initial conditions (with and without data assimilation) to diagnose factors that had a large influence on Emily's first rapid intensification. The assimilation of satellite data improved the simulated storm's intensity, but increases in resolution (i.e., 3 to 1 km) had little impact.
[8] The primary objectives of this study are to evaluate the impact of assimilating MODIS and AIRS TPW on Emily simulations and to examine the influence of the VWS changes on the simulated hurricane intensity. Because both MODIS and AIRS instruments are on board the Aqua satellite, they provide a great opportunity to study the impact of assimilating different data on the same storm simulations. This paper is organized as follows. The intercomparison of TPW data sets from MODIS and AIRS is presented in section 2. The numerical modeling system, including the WRF model and its variational data assimilation component, and the experiment design are described in section 3. Numerical simulation results and three sensitivity studies are discussed in section 4 along with concluding remarks at the end.
Data Intercomparisons
[9] As discussed above, data comparison studies have estimated the possible observational error range associated with the three TPW data sets (i.e., MODIS IR, MODIS NIR, and AIRS). However, most of them were analyzed over land because of limited conventional sounding data available over ocean. Thus the observational errors for TPW over ocean are undetermined. Here these three data sets were intercompared over land and ocean to understand their relative data characteristics (i.e., which one is drier or moister) over both land and ocean, which can help explain the different simulation results associated with those data. TPW data over the Atlantic and Pacific oceans, North America, and East Asia during September 2002 and July-September 2005 were used. As a result of the different resolutions of these data sets (i.e., 1 km for MODIS NIR, 5 km for MODIS IR, and 45 km for AIRS), for each pairwise comparison the higher-resolution data were downscaled to the pixel size of the low-resolution counterpart.
[10] Results showed that over land, TPW data from all three instruments were comparable, but with some notable differences (Figures 1a, 1c , and 1e). TPW from MODIS IR was slightly moister (drier) than MODIS NIR in a relatively dry (moist) environment (Figure 1a) , consistent with published bias characteristics [Chen et al., 2008; Gao and Kaufman, 2003] . TPW from both MODIS NIR and MODIS IR was consistently slightly moister than AIRS. Thus, over land, AIRS TPW was statistically the driest (Figures 1c and 1e) . Results in a moist environment were consistent with those of Chen et al. [2008] and Rama Varma Raja et al. [2008] , while those in a dry atmosphere were not. The inconsistency is likely because the dry bias for NIR and the moist bias for AIRS over land are relatively small in a dry atmosphere. Thus the results can be very sensitive to the number and locations of samples.
[11] Over ocean, MODIS NIR TPW was the driest in both dry and moist environments, and MODIS IR TPW was the moistest (Figures 1b, 1d, and 1f ). This implies that the MODIS NIR TPW might have a dry bias over ocean, which agrees with Kleidman et al. [2000] .
Methodology
[12] This section provides a brief description of the model configuration and setup, the experiment design, the quality control of the satellite-retrieved TPW, and the process of TPW data assimilation.
Model Settings and Experiment Design
[13] The Advanced Research WRF model version 2.1 and its three-dimensional variational data assimilation system (3D-Var) were used [Skamarock et al., 2008] . The domain configuration included two two-way nested domains of 30 and 10 km horizontal resolutions. The grids extended vertically to 50 hPa and were resolved by 31 unevenly spaced sigma levels with the finest resolution in the boundary layer. The physics parameterization schemes that were applied to the simulations included the Purdue-Lin microphysics [Chen and Sun, 2002] , the new Kain-Fritsch cumulus parameterization [Kain, 2004] , the Yonsei University boundary layer parameterization [Hong et al., 2006] , the Dudhia shortwave parameterization [Dudhia, 1989] , and the Rapid Radiative Transfer Model longwave parameterization [Mlawer et al., 1997] . The initial and lateral boundary conditions and sea surface temperature data were from the National Centers for Environmental Prediction Global Forecast System (GFS) with spatial and temporal resolutions of 1°× 1°and 6 h, respectively. A datascreening process was performed hourly for 6 h, starting from 1200 UTC 13 July 2005. The model was then integrated for 72 h starting from 1800 UTC 13 July 2005. Since some observations have already been assimilated into the GFS analyses, the assimilation of observations started 1 h after the model integration in the 6 h cycling period.
[14] Table 1 shows the experiments and the corresponding observations that were assimilated in the 3D-Var procedures. The conventional observations (referred to as GTS hereinafter), which include surface station reports and radiosondes, were assimilated at every hour, whereas the assimilation of satellite data (i.e., MODIS IR, MODIS NIR, and AIRS TPW) was performed only when the data were available.
Data Quality Control
[15] For MODIS IR TPW, data over cloudy areas were excluded in the original data set. Therefore no more data screening was performed during the preprocessing stage. For MODIS NIR TPW, data over clear-sky and cloudy regions were available in the data set. Since the TPW data over the cloudy region is the vertical integral of water vapor only above the cloud top, in general, one prefers not to use those data in 3D-Var. In processing MODIS NIR TPW, the resolution of data was reduced from 1 to 5 km by averaging data from cloud-free pixels in 5 × 5 matrices, with a required minimum of 10 clearsky pixels identified using the cloudiness flag provided in the data set. Consequently, many MODIS NIR TPW data near the cloudy area were discarded. As for the AIRS TPW, only those data with the best quality (i.e., quality indicator, Qual_H2O, is "best") were used. Since MVchannel data are not affected by clouds, except by heavy precipitation and the uncertainty in surface emissivity, AIRS can theoretically provide moisture information over cloudy areas, while MODIS IR and NIR TPW are unavailable over those regions.
[16] Following the gross-error quality control used for most of the observations in WRF 3D-Var, satellite TPW data that differed from the model's background by more than 5 times the observation-error variance were removed. An observation error of 4 mm was used for both MODIS and AIRS TPW data.
Data Assimilation of TPW
[17] The WRF 3D-Var system utilizes the incremental approach. The analysis state, x a , is obtained by 
where B is the covariance matrix of background errors, O is the covariance matrix of observational errors, and N is the total number of available observations. TPW model represents TPW from the background state that was computed using a forward operator in the 3D-Var system, and the formula is as follows:
where p* is defined as the difference in the pressure between the model surface and top, q(k) the model-specific humidity at the kth layer, Ds(k) is the layer thickness of the model at the kth layer, and KX is the total number of layers. After the minimization of the cost function, the adjoint TPW operator and the spatial correlations (from the background covariance matrix) project two-dimensional TPW increments onto 3-D moisture increments.
Discussion of the Results
[18] The performance of each simulation was evaluated by comparing with observations of TC track, minimum sea level pressure (SLP), maximum 10 m winds, and 10 m wind structure. The impact of assimilating TPW data from different instruments on Emily's simulations was then investigated.
Verification
[19] The observed (from the best track) and simulated tracks of Emily, which were defined by the minimum SLP, from 0 to 54 h integration, are shown in Figure 2 . Only the first 54 h simulation is presented because the simulated hurricane moved out of domain 2 after 54 h. The observed Emily moved west northwestward during the simulation period. The simulated tracks of experiments EMNG, EMIG, and EAG, which assimilated both GTS and TPW data, were shifted to the south of the observed track. The track errors of these three experiments increased significantly after 12 h, exceeding 150 km, on average (Figure 2b ). For the experiments in which only TPW data were assimilated (EMI, EMN, and EA), only GTS data were assimilated (EG), or no observations were assimilated (ENONE), the simulated tracks were very close to the observation, and the timeaveraged track errors were less than 130 km. In particular, EMI produced the smallest track error.
[20] In general, the use of GTS data could statistically improve the simulation of the large-scale flow, which, consequently, results in better tracks. However, GTS data still contain observational errors. In some cases, if the quality of the background was better than that of the GTS data (e.g., simulated Emily's track was comparable to observation from ENONE in this study) or the GTS data were misinterpreted after 3D-Var because of inhomogeneity or sparseness of the data (i.e., producing unreasonable gradients of increments), simulated results could become worse. The experiments with GTS data in this study have probably fallen into this type of case. After the assimilation of both TPW and GTS data, a large area of northerly wind anomaly at low and high levels was present (data not shown). This caused the simulated tracks to deflect to the south of the observation. Since this study focuses on the impact of retrieved satellite data, examining the simulation results with incorrect track would complicate the discussion, and therefore the experiments with the data assimilation of GTS data are excluded in the later discussion.
[21] Figure 3a shows the time evolution of the storm's minimum SLP from the best track and the simulations (ENONE, EMI, EMN, and EA). The observed central SLP deepened from 1003 hPa at the model initial time (i.e., 1800 UTC 13 July 2005) to 953 hPa 36 h later. The central SLP of Emily increased later and then decreased slightly from 36 to 54 h, when Emily experienced an eye wall replacement. Without assimilating any observational data, ENONE produced a weaker storm with the minimum SLP about 15-30 hPa weaker than the observation throughout the simulation. Compared to ENONE, the simulated central SLP from EMI was significantly improved, although it was still weaker than observations. EA had slightly better simulated intensity than ENONE. With the use of MODIS NIR TPW, the simulated hurricane intensity from EMN was worse than that from ENONE. These four simulations all failed to capture the eye wall replacement process. Besides the potential deficiency of the WRF model and the model initial conditions, the coarse resolution could be another reason for such failure [Nolan et al., 2009; Gentry and Lackmann, 2010] . A similar result was found in the comparison of maximum 10 m wind speed among the experiments (Figure 3b ). The maximum 10 m wind of EMI was the closest to the observation, followed by EA, ENONE, and EMN.
[22] The observed 10 m winds were relatively asymmetric, with a maximum wind speed of 50 m s −1 to the north northeast at 0130 UTC 15 July (Figure 4a ). This implies that VWS should exist in the environment because it is one of the main causes of asymmetric hurricane structures [Miller, 1958; Burpee and Black, 1989; Franklin et al., 1993; Marks et al., 1992] . Note that there was a 30 min difference 
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between observation and model simulation because model outputs were saved at every hour. Results show that ENONE, EMI, EMN, and EA reproduced reasonably well the structure and location of the asymmetric wind (Figures 4b-4e) . However, the area where winds were larger than 25 m s −1 was smaller than in the observation because of the weaker simulated intensity. The maximum wind area of EMI (winds >25 m s −1 ) was the largest among all experiments and the most consistent with the observation, followed by ENONE, EA, and EMN. [23] To statistically examine the impact of the TPW data from MODIS IR, MODIS NIR, and AIRS on Emily's simulations, the mean absolute error (MAE) of the simulated 10 m winds for the four experiments was calculated against the observed 10 m wind from the NOAA Hurricane Research Division. The MAE was averaged inside a 400 km × 400 km domain following the simulated hurricane centers at 14, 20, 26, 32, 38, 44 , and 50 h ( Figure 5 ). In addition, the significance levels under the hypothesis that the MAE of 10 m winds from ENONE was larger than those from EMI, EMN, and EA (Table 2) were also examined using a resampling technique [Wilks, 1995; Chien et al., 2006; Chien and Kuo, 2010] . At 14, 20, 44, and 50 h, the MAEs of ENONE were larger than those of EMI, EMN, and EA with a significance level of at least 78%. MAEs of ENONE were significantly larger than EMI and EMN at 26 h, EMI and EA at 32 h, and EMI at 38 h.
[24] The aforementioned comparisons indicate that when MODIS IR TPW was assimilated, WRF reproduced better simulated track, intensity, and 10 m winds. However, improvement was limited if AIRS TPW or MODIS NIR TPW was used. In certain cases, the simulation results actually became worse.
Data Impact 4.2.1. Innovation of TPW
[25] The distributions of TPW data coverage from MODIS IR, MODIS NIR, and AIRS and the corresponding innovations (i.e., observation minus the first guess) are shown in Figure 6 . Since both MODIS and AIRS are on board the same satellite, Aqua, their coverage areas were very similar, except that the swath of AIRS (1650 km) was narrower than MODIS (2330 km). In addition, the density of MODIS NIR is less than that of MODIS IR because of the data quality control.
[26] Most of the area within MODIS IR swathes had positive innovation. Only small zones of negative innovation were found to the east of and around the Dominican Republic. In contrast, most areas showed negative innovation over MODIS NIR swathes. As for AIRS, positive and negative innovations were equally likely, with positive innovation located to the west and negative innovation located to the east of the observed hurricane. The results of the innovation are consistent with the data characteristics analyzed earlier in the intercomparison. Since MODIS NIR TPW (MODIS IR TPW) was statistically drier (moister) than the others over the ocean, most of its innovation was negative (positive).
Increment of TPW
[27] Figure 7 shows the distribution of the initial TPW field for ENONE and the TPW differences between the other three experiments and ENONE at 1800 UTC 13 July 2005, just after the 6 h data cycling. ENONE showed relatively high TPW around the simulated hurricane, and the atmosphere was relatively dry over the ocean to the north of western Venezuela. The TPW difference between EMI and ENONE ranged from −7.92 to 7.38 mm (Figure 7b ). Areas of positive moisture increment were found over the ocean to the north and northeast of eastern Venezuela (Figure 7b , area I) and over the ocean to the north of Colombia (Figure 7b , area II). There was a region of negative increment over the ocean to the north of western Venezuela. For the TPW difference between EMN and ENONE, most areas showed negative values, except in the southwest and the west corners of the domain (Figure 7c ). EA was moister than ENONE over area II, but the positive increment was smaller than that between EMI and ENONE around the same location (Figure 7d ). EA had a negative increment over area I, which was very different from EMI.
The increment pattern of EMI, EMN, and EA in the initial condition was very similar to their innovation pattern, as expected.
[28] To examine how the TPW inside the storm evolved, a domain-averaged TPW within a 300 km × 300 km box following the simulated hurricane centers was computed. Figure 8 presents the time series of the averaged TPW for all experiments. The comparisons showed that at the initial time, the averaged TPWs were very close to each other among the four experiments. The averaged TPW from EMI was larger than the others after a 5 h integration, with a maximum difference of about 2 mm. The TPW magnitudes of EMN, EA, and ENONE were very close to each other before 30 h; after that, ENONE had the smallest averaged TPW, followed by EA and EMN.
Vertical Wind Shear
[29] Since moisture is an important factor for hurricane intensification, one may expect that the simulated hurricane from EMI should have intensified and become the strongest among all the experiments before 30 h because of its largest TPW within the storm region (Figure 8) . However, the hurricane intensity from EMI did not become the strongest until 30 h (Figure 3 ). This implies that the difference of TPW inside and surrounding the storm among the different experiments might not be the primary trigger of Emily's rapid intensification process.
[30] Many observational and idealized modeling studies have shown the importance of VWS on TC intensity (cited in section 1). To examine how the VWS influenced the simulated intensity of Emily, the horizontal distribution of VWS vectors and magnitudes from EMI and ENONE at 4, 22, and 34 h are shown in Figures 9a-9f . Because the horizontal distributions of VWSs from EMN, EA, and ENONE were very similar, only the results from ENONE are shown. At the early time, the EMI simulation showed strong shear zones to the north and to the southwest of the storm, and another relatively weaker but still strong shear zone to the southeast of the storm (Figure 9a ). The separation of the storm from those strong shear sources might have been the key to Emily's development. Furthermore, a relatively weak VWS band (<7 m s −1 , light blue color) was located to the east northeast of the storm. This weak VWS band expanded over time and was advected to the north of the simulated hurricane (Figure 9c ), preventing the simulated storm from attaching to the strong shear zone to the north of the storm (in warm colors). Soon after its detachment from the south side of the strong shear zone, the storm started intensifying (Figure 9e ). In contrast, the low VWS band did not appear in ENONE early in the simulation (Figure 9b) . A relatively large VWS band was found to the east northeast of the storm later on (Figure 9d ), which then was advected to the north of the simulated hurricane and attached the storm to the strong shear zone to the north when simulated Emily was detached from the strong shear to the south (Figure 9f ). This prevented the storm from rapidly intensifying.
[31] The SLP comparison of the four experiments showed that the minimum SLPs of each run were very close to each other before 24 h (Figure 3) . However, after 24 h, the minimum SLP from EMI deepened much more quickly than the others. This strong intensifying period occurred during the time when the weak VWS band in EMI was advected to the north of the simulated hurricane (Figures 9c and 9e ) and the simulated storm detached from the strong shear zone to the north. This indicates that the rapid intensification in EMI was highly related to the occurrence of the weak VWS band. As discussed in many hurricane studies (cited in section 1), a large VWS environment is not favorable for TC activity. Therefore the weak VWS band in EMI could serve as a protection zone to separate the storm from the unfavorable large VWS environment between 20°N and 30°N. This is why the hurricane intensified during this time period for EMI, but not the other three experiments.
Convective Cloud and Trajectory Analysis
[32] An additional analysis was performed to investigate why the assimilation of moisture could modify the VWS to a favorable condition for hurricane development from EMI, but not for the others. Column-integrated hydrometeors show that a convective cloud started to develop to the east northeast of the storm at 1 h (data not shown) and intensified a few hours later (Figure 10a ). The convective cloud lasted about 9 h, and its location coincided with the aforementioned weak VWS band (Figure 9a ). This convective cloud was also observed in GOES-12 satellite imagery ( Figure  10c, C) . The evolution of the observed convective cloud was very similar to that from EMI except the cloud in the observation occurred 4 h earlier and lasted 2 h longer than in EMI. In contrast, ENONE, as well as the other experiments, failed to reproduce this convective cloud (Figure 10b) .
[33] To trace the origin of the air parcels in the convective cloud area, a backward trajectory was performed (Figure 11) . Results showed that the air parcels of convective cloud originated from a region of positive increment in the EMI experiment (Figure 11a ) but came from an area of negative increment in the EA experiment (Figure 11b ). Therefore, with the moisture-laden air coming into the cloud area in EMI, the convective cloud was successfully reproduced.
Momentum Budget Analysis
[34] To further examine the role of the convective cloud in producing the weak VWS band, a zoomed-in figure of wind and cloud fields and a 200 hPa momentum budget computed over the area of the convective cloud are shown in Figures 12 and 13 , respectively. The 200 and 850 hPa winds inside box A, which covers most of the convective cloud in EMI (Figures 10 and 12) , were both southeasterly from ENONE, and the 850 hPa winds were much stronger than the 200 hPa winds at the initial time (Figure 12a) . After 2 h, while the 850 hPa winds remained southeasterly but were weaker, the 200 hPa winds started changing direction and turned to north northeasterly at 5 h (Figure 12b) , resulting in an increase in VWS in this area. Although the 200 and 850 hPa winds from EMI were similar to those from ENONE at the initial time (Figure 12c ), the 200 hPa winds at 5 h from EMI ( Figure 12d ) were very different from ENONE, and the wind vectors at 200 hPa from EMI were more similar to those at 850 hPa (i.e., a smaller VWS) (Figure 12d ).
[35] Figure 13 shows the time evolution of the 200 hPa averaged horizontal momentum budget from 1 to 8 h, which was calculated within box A in Figure 12 . The horizontal momentum equations that were adopted here are written as follows:
where the terms on the left are the local acceleration (first term) and the first four terms on the right are the Figure 11 . Backward trajectories that were tracked from the 0.1 km height starting at 5 h back to −2 h of the domain 1 simulation. Arrows denote the positions of the air parcels at every hour, and the size indicates the heights of air parcels with the legend shown in the bottom right corner. The increment of (a) MODIS IR TPW and (b) AIRS TPW at −1 h after assimilating the swath of data in the figure (gray plus) and the column-integrated cloud liquid water and precipitation (shaded, mm) at 5 h are also shown.
ageostrophic force (i.e., the pressure gradient force plus the coriolis force; second term), vertical advection (third term), horizontal advection (fourth term), and other forcings (fifth term), which account for friction, momentum mixing, and numerical errors.
[36] The southerly wind component, v (curve 6), from ENONE decreased over the plotted period and changed to a northerly wind component after 2 h (Figure 13a ). The wind direction change was primarily contributed by the negative ageostrophic force. In contrast, the change of the 200 hPa southerly wind from EMI at the first 3 h (i.e., 1-4 h) was very small because of the cancellation of forces among the positive ageostrophic force and the negative horizontal and vertical advections (Figure 13c ). In the next 4 h, the southerly wind component decreased from 6 to 1 m s −1 , and the weakening was mainly contributed by the negative vertical advection of v momentum from 4 to 6 h and by the negative ageostrophic force from 6 to 8 h.
[37] The easterly wind speeds (u) and all forcing terms from ENONE were relatively small (Figure 13b ). Unlike ENONE, u increased during the first 3 h and remained nearly unchanged afterward from EMI (Figure 13d ). The increase in the easterly wind component was mainly contributed by the negative vertical advection of u momentum caused by the cloud-induced upward motion, although it was partially counteracted by the positive ageostrophic force. The increase and decrease of 200 and 850 hPa easterly wind speeds, respectively, made the difference between these two levels smaller, weakening the VWS.
Sensitivity Studies
[38] After assimilating MODIS IR TPW, two positive moisture increments were located to the east and surrounded the simulated hurricane at the model initial time (Figure 7b ). To further examine the improvement of simulated Emily from EMI, three sensitivity runs were conducted (Table 3) . For the first sensitivity experiment (referred to as ESEN1 hereinafter), the initial data at 1800 UTC 13 July 2005, after 6 h update cycling, were the same as those of ENONE except the water vapor mixing ratio was replaced by that from EMI. This will help examine the importance of the moisture increment after the assimilation of MODIS IR TPW. For the second and third sensitivity experiments (referred to as ESEN2 and ESEN3), the initial data were the same as those of EMI except that the water vapor mixing ratios to the west and to the east of 59°W (as shown in Figure 7b ), respectively, were replaced by those of ENONE. These two sensitivity studies could help identify the influence of the moisture increment near the convective cloud area ( Figure 7b , area I) and the simulated hurricane environment (area II) on the intensity change of Emily.
[39] Similar to EMI, the simulated central SLP of the storms from ESEN1 and ESEN2 were significantly intensified after 24 h (Figure 14) . In particular, ESEN2 had the largest deepening rate from 24 to 36 h. In contrast, the deepening rate of central pressure from ESEN3 was stronger than ENONE but not as large as the other two sensitivity experiments. This suggests that the positive moisture increment to the east of the storm was important for the rapid intensification of Emily. The horizontal distributions of VWS for ESEN2 and ESEN3 were also examined (Figures 9g and 9h) , and they were similar to EMI and ENONE, respectively. Furthermore, ESEN1 and ESEN2 (but not ESEN3) reproduced the deep convective cloud to the east of the storm in the early time of the simulation that was seen in EMI (data not shown).
[40] Results from ESEN1 indicate that the moisture increment from EMI after the assimilation of MODIS IR TPW (Figure 7b ) played an important role in the intensification of Emily. Results from ESEN2 and ESEN3 further confirm that the positive TPW increment to the east of the storm at the initial time (Figure 7b, area I) , which triggered the convective cloud over the region, was the main reason why the simulated storm intensified from EMI. On the other hand, the positive increment surrounding the storm at the initial time (area II) played a trivial role in intensification.
Summary
[41] The impact of MODIS IR, MODIS NIR, and AIRS TPW data on simulations of Hurricane Emily were assessed and compared using the WRF model and its 3D-Var system. After the assimilation of MODIS IR TPW, the model simulation from EMI clearly produced better tracking, intensity, and 10 m wind field of the hurricane than ENONE, which did not assimilate any extra observations. For the EA and EMN experiments, which assimilated AIRS TPW and MODIS NIR TPW, respectively, improvements in the hurricane simulation were limited or nil. The improvement for the EMI simulation may be because, among the three data sets, retrieved MODIS IR TPW statistically tends to be the largest over the ocean, partly fixing the problem of underestimating moisture in the first-guess data.
[42] Although AIRS and MODIS are aboard satellite Aqua, because the swath widths and the retrieved electromagnetic spectrums from both instruments are different (2330 km, IR or NIR channels for MODIS; 1650 km, combined IR and MW channels for AIRS), one could argue that the difference in data coverage could influence data assimilation results. However, after careful examination, we found that the primary reason why Emily from EMI developed was not attributed to the change of the moisture within the core of the hurricane but to the reproduction of the convective cloud to the east of the hurricane. After the assimilation of MODIS IR TPW, a positive moisture increment was present to the east of the simulated storm in indicates the duplicate experiment of ENONE except the water vapor mixing ratio (q) was replaced by that from EMI at 1800 UTC 13 July 2005, after 6 h update cycling. ESEN2 and ESEN3 represent the duplicate simulation of EMI, but q to the west and to the east of 59°W, respectively, were replaced by those from ENONE. Figure 14 . Time series of the observed central SLP from the best-track (OBS) and the simulated central SLP (hPa) from ENONE, EMI, ESEN1, ESEN2, and ESEN3 from 1800 UTC 13 July to 0000 UTC 16 July 2005.
the 3D-Var analysis (i.e., initial conditions). The positive TPW anomaly helped produce a convective cloud (as seen in the analysis of the backward trajectory), a key player in the rapid intensification, which was also observed by satellites. The convective cloud effectively transported momentum upward (shown by analysis of the momentum budget) and modulated the height field, reducing the difference between horizontal winds in lower and upper levels, and thus resulted in the weakening of VWS over the region. The weak VWS band was advected to the north of the storm, detaching the storm from the strong VWS zone located between 20°N and 30°N. This greatly helped the intensification of Hurricane Emily. Three sensitivity experiments were conducted to further confirm the role of the convective cloud in Emily's intensification.
[43] On the other hand, after assimilating either MODIS NIR or AIRS TPW, there was no such positive moisture increment to the east of the simulated storm. Thus EMN and EA, as well as ENONE, failed to reproduce this convective cloud. As a result, a relatively larger VWS band was located to the east northeast of the storm. The large VWS band propagated to the north of the simulated hurricane and attached the storm to the strong shear zone, preventing the storm from developing.
[44] This study demonstrates a new mechanism by which a convective cloud helps TC intensification in an early stage under a strong shear environment. For simulated Emily from EMI, the convective cloud to the northeast of the TC could effectively transport momentum upward through the upward motion and result in a weak VWS band, which served as a protection zone to separate the storm from the unfavorable large VWS environment between 20°N and 30°N, and, in consequence, the storm developed. However, this mechanism is based only on one case study, and more case studies, including the use of observations, will be required to further clarify the importance of the proposed mechanism through which convective clouds influence hurricane intensification.
